Abstract. In recent years, WiFi-based indoor positioning technologies have been widely used in various scenarios. At present, most of the traditional WiFi-based schemes require pre-deployment, which is inefficiency and time-consuming. This paper proposes a crowdsourcing-based indoor positioning scheme, which uses GPS and PDR combined with signal propagation models to solve the position and propagation characteristics of WiFi access points, which effectively reduces the deployment costs compared to existing solutions. The experimental results show that the average positioning error of the scheme is 6 meters, which can meet the actual needs of indoor positioning.
Introduction
With the continuous development of communication and mobile Internet technologies, the demand for indoor location services is rapidly increasing, so indoor positioning technology has become a hot research topic [1] . At present, a variety of wireless technologies have been applied to indoor positioning, such as infrared, UWB, WiFi, etc [2] . Among them, indoor positioning technology based on WiFi signal strength has been widely used indoors because it does not require special hardware equipment. The deployment has become a leader in indoor positioning technology [3 4 ].
At present, there are many researches on WiFi-based indoor positioning technology, which are mainly divided into two types: fingerprint-based positioning [5] and range-based positioning [6] . However, most of these technologies require pre-deployment, which relies heavily on manpower and high deployment cost in the deployment stage. It greatly restricts the promotion and popularization of indoor positioning technology. Therefore, how to reduce or even eliminate the deployment cost in the WiFi positioning system has become one of the urgent problems to be solved in the field of indoor positioning. At present, there are many indoor positioning solutions that do not require on-site survey. Zee [7] Using Pedestrian Dead Reckoning (PDR) technology, combined with the reachable area map to track the user's indoor trajectory through particle filter technology, to obtain the WiFi feature at a specific location, which has a strong universality. Hossain etc. [8] discuss in detail various existing techniques for survey-free surveying, and compare the advantages and disadvantages of various schemes. Among the many solutions, crowdsourcing-based indoor positioning technology has become the focus of researchers' attention with its high feasibility and low overhead. This paper proposes a novel indoor positioning scheme, which can effectively reduce the manpower cost of system deployment under the premise of ensuring accuracy.
The organization of this paper is as follows. The introduction part introduces the related background and the research content of this paper. The second chapter describes the technical framework and core algorithm of the positioning scheme in detail. The third chapter introduce the experimental plan and analyze the experimental results; the fourth chapter summarizes the main work.
Method
In wireless positioning, a node with a known location is called anchor node. Conversely, a node whose position is unknown is called an unknown node. By analyzing and processing the WiFi scan sequence obtained at anchor nodes, we can obtain the propagation and distribution characteristics of the wireless network in the environment. Then the position of the unknown node can be solved through the above features.
Generally, indoor positioning is divided into two stages: the offline stage and the online stage. In the offline stage, training data is first collected and then trained to obtain a positioning model. Then we can solve the real-time position according to the obtained model in the online stage (see Fig. 1 ). Figure 1 . Positioning control flow.
Crowdsourcing-based Data Collection
For an indoor area, the input data is mainly a plurality of sets of WiFi scan sequences of a large number of unknown nodes and a small number of anchor points. In other words, we only need to constantly scan the WiFi indoors and try to get the absolute position of some of these observations. Thus, the main job is to get the actual location of some nodes. In this paper, we use the combination of GPS and PDR to obtain indoor coordinates.
As we all know, GPS has high precision outdoors and is poor indoors. Since PDR is the process of calculating one's current position by using a previously determined position, we can focus on the process of someone entering the room from outside, get the GPS coordinates at the starting point and evaluate the coordinates of the end point with PDR.
All of these processes are done in the background, using crowdsourcing mode, almost no user involvement.
Pedestrian Dead Reckoning
PDR mainly uses the inertial sensor in the smartphone to estimate the movement by calculating the motion state [9] . It is usually composed of three parts: step detection, step length estimation and heading estimation. At present, there are many good PDR systems. In this paper, we only use the heading estimation and step detection that provide by Android API to simplify the experiment. And step length is provided by combining GPS with step counter. This is enough to meet the needs of the experiment, because entering the door usually does not involve complex movements. The principle of PDR is represented by Eq. 1.
Here, (N, E) represents the 2D location, i represents total step number, L is step length, and θ is heading.
We can use the Eq. 1 to push out the user's trajectory and get multiple anchor points indoor.
Signal Propagation Model
The signal intensity of a radio wave propagating in a medium decreases as the propagation distance increases. In general, the attenuation of a wireless signal in transmission obeys a logarithmic attenuation model. p ij =P i -10γ i log d ij +R (2) In Eq. 2, pij represents the signal strength received by the j-th node when the distance from the i-th AP is dij, Pi represents the transmit power of the i-th AP, usually taking the signal strength value at 1 meter from the AP, γi is the path loss exponent of the i-th AP. R is a Gaussian random variable in dBm with an average of 0, reflecting the wave characteristics of the signal. Eq. 2 represents the relationship between RSSI and distance, so the distance can be calculated if the RSSI is acquired. However, to achieve this goal, we must first obtain two parameters Pi and γi (R will be ignored in actual use). Therefore, how to solve these parameters is the key challenge we have to face.
Estimation of Propagation Parameters
Obviously, Eq. 2 can be obtained for any measurement between APs and nodes. Assume that there are m nodes and n APs in an indoor environment and each node can observe all APs, then according to Eq. 2, we can obtain a system of equations (Eq. 3) which contains mn equations. And solving this system of equations, we can get all that we want. (3) In reality, it is difficult for an AP to cover every node, and a node is unlikely to observe every AP. Therefore, Eq. 3 will only have some equations valid, that is, the number of equations will be less than mn.
For an AP, its power P, path loss exponent γ and 2-D position coordinates are unknown. And for a node, we don't know its location. Thus, an AP has four unknowns and one node has two. That is, this equation group has 2m+4n total of unknowns. Since the number of equations increases quadratically and the number of unknowns increases linearly, this system of equations can be solved in the case that the number of equations is sufficient.
However, it is still not simple to solve this system. Eq. 3 is a system of nonlinear equations. Usually there is no analytical solution, so the conventional solution method is not applicable to the system of equations. For the solution of such equations, optimization methods are generally used, such as quasiNewton method, gradient descent method, etc. These algorithms usually start from a random initial solution and find the optimal solution in the vicinity. But these methods do not get a valid solution, because the number of unknowns is too large, and a large number of local optimal solutions are found, which invalidates the algorithm. Another method is to use some global search techniques, such as simulated annealing algorithm and genetic algorithm, which can effectively avoid falling into local optimal solutions. It seems that we can use these methods to solve the equations. But it has been found in experiments that it is also difficult to obtain valid solutions by directly using these methods due to the huge search space. Therefore, it is necessary to reduce the search space. For the AP, the transmit power(P) and the path loss exponent (γ) have a relatively fixed range, and for the building, the indoor space coordinates must also be within the contour, so there is no need to search in the global space. At the same time, there is a strong positional association between APs and nodes. The location of the AP can be obtained by using the ranging location method to improve the search efficiency.
Eq. 3 can be further divided into groups according to different APs, each group representing all observations to a particular AP. We can first solve each group of equations separately and get an approximate result. We propose an iterative algorithm to make it (see Fig. 3 ).
In the algorithm, Ldone represents the set of nodes which position is known, M represents the RSSI observation set, and APdone represents the initial parameter solution of all APs. The traverseAPs method traverses the RSSI observation sequence to obtain the set of all APs in the space (APall), traverseLocs method indexes all the nodes, countMarkedAPMeasurement method obtains the number of known nodes covered by an AP, and the countLocMeasurement method calculates the observation of an unknown node. Knowing the number of APs, the locate method calculates the coordinates of the unknown points according to the ranging positioning algorithm, and solveAPParameter is used to solve the AP propagation parameters. In ranging positioning, if an unknown node can be observed by three or more anchor nodes, its position can be uniquely determined. And as mentioned earlier, the distance can be obtained when P and γ are known. So when an AP is observed by more than three anchor nodes, the coordinates can be solved by the ranging method by exhausting P and γ. The specific solution strategy is shown in Table. 1. Randomly select the parameter γ from a specific range, the rest is the same as above 2 Randomly select the parameter P and γ from a specific range, the rest is the same as above 1 Randomly select the parameter P and γ from a specific range, take a random number on the circle
After that, the initial solution can be determined. Then we use genetic algorithm to optimize the solution in the entire equations. The GA strategy is shown in Table. 2. Fig. 3 shows the situation of the multilateral positioning algorithm in practical applications, the black squares represent the approximate boundaries of the building, and each circle represents an observation. It can be seen that the observation value of the dotted line in the figure is obviously far from the ideal situation. If the calculation is directly involved, the positioning accuracy will be reduced, which requires an appropriate method to filter out these invalid observations.
For a common wireless AP, the coverage is usually in the range of several tens of meters, so the observation value far beyond this range can be simply filtered out. The partial AP indicated by the broken line in Fig. 3 has a ranging value of more than 100 meters. Obviously it is invalid.
On the other hand, according to the propagation model, the signal strength and distance are logarithmically related. In the nearer range, the signal strength decays rapidly, and the attenuation speed decreases with increasing distance (see Fig. 4 ). Since the RSSI has volatility, if the distance is far away, the small fluctuation will cause a huge distance change, which will reduce the positioning accuracy. If the distance is too close, the RSSI change will not reflect the obvious distance change, which also affects the positioning accuracy. Therefore, the observation value can be further filtered by limiting the value of the derivative.
Experiments
We chose an office building with a length of 80 meters and a width of 40 meters as an experimental site, using Android smartphones to collect data, and then training and testing on the PC side.
Dataset Preparation
In the actual scenario, the amount of WiFi observation data collected is large, and the number of APs is as high as 400, and there are also a large number of repetitions of the observed nodes. Therefore, the data set needs to be simplified to shorten the training time. The streamlining of the data set mainly uses hierarchical clustering algorithm to find similar APs and nodes through clustering. For AP clustering, the average absolute difference of two AP observation sequences is taken as a measure of similarity (see Eq. 8).
(10) represents the average observation difference between the i-th AP and the j-th AP. The smaller the , the more similar the two APs are, the N represents the number of all observation sequences, and the represents the signal strength of the i-th AP obtained from the k-th observation. In the actual processing, the RSSI value in the sequence is normalized so that the value is between (0, 1), then is the AP similarity. After clustering, similar APs are grouped into one cluster, and the most frequently observed cluster heads are selected from each cluster, and the reduced dataset can be obtained. The above method is also used for processing measurements to ensure that the positions of the nodes do not overlap.
Results
In the data acquisition phase, the PDR is used to calibrate the indoor position coordinates. Therefore, we first evaluate the error of the PDR. As shown in Fig. 5 , the PDR has a small error within 20 meters, so the distance is guaranteed to be within 20 meters during sampling to ensure that the algorithm has better performance. Using the above method, we identified 47 known nodes and performed multiple WiFi scans at these nodes, 17 of which were used as training inputs and 30 were used for testing. From the results, we are effective in optimizing the positioning algorithm. After optimization, the average positioning error is 6.2 meters and the minimum error is less than 1 meter.
Conclusion
In view of the high cost of indoor positioning system deployment, this paper proposes a low-cost indoor positioning solution based on the existing technology, which effectively reduces the deployment cost under the premise of ensuring accuracy. Firstly, the position of the indoor node is estimated by using GPS and PDR. Then the propagation model are used to calculate the propagation parameters of the indoor AP. Finally, the ranging-based positioning algorithm is used to solve the coordinates of the unknown node.
The current scheme is relatively simple for data collection and processing, and will further optimize the PDR algorithm and pay attention to the fusion strategy of PDR and GPS. On the other hand, we will also consider adding pattern recognition technology to improve the positioning accuracy.
